Two-and three-dimensional quantitative structure-activity relation (QSAR) models were generated for a series of N-aryloxazolidinone-5-carboxamide derivatives to identify potent anti-HIV-1 integrase ligands. The studies were performed by the partial least squares method coupled with various feature selection methods, such as genetic algorithm (GA) and stepwise methods, to derive QSAR models, which were further validated for statistical significance and predictive ability by internal and external validation. The best two-dimensional QSAR model was selected, which had a correlation coefficient, r 2 , of 0.9246, a cross-validated squared correlation coefficient, q 2 , of 0.7726 and an external predictive ability, pred r 2 , of 0.8331. This model was developed by GA partial least squares with descriptors such as SsNH 2 count, SssOE index, T N F 4, SsOH count and T O O 2. Three-dimensional QSAR studies gave reasonably good predictive models with a high cross-validated q 2 value of 0.6953 and pred r 2 of 0.7499 in the GA k nearest neighbour molecular field analysis method. For a series of N-aryl-oxazolidinone-5-carboxamide derivatives, chemical feature-based pharmacophore models with the lowest root mean square deviation value (0.00765 nm) showed one aromatic feature, two hydrogen bond acceptors, one hydrogen bond donor and one aliphatic feature. The information provided by two-and threedimensional QSAR models may lead to better understanding of the structural requirements of oxazolidinone-5-carboxamides and help in designing novel, potent anti-HIV-1 integrase molecules.
Introduction
Human immune deficiency virus type-1 (HIV-1) is the causative agent of acquired immune deficiency syndrome (AIDS) and AIDS-related complex [1] . The World Health Organization and UNAIDS estimated that 45 million people would become infected with this virus between 2002 and 2010 [2] . The HIV-1 protease is a homodimeric aspartyl protease, which cleaves a 55-kDa polyprotein precursor to produce smaller functional protein fragments, which are responsible for the infectivity of the budding virions [3] . Current combination therapy with three or more drugs increases the survival of HIV-infected patients by many years and improves their quality of life. Treatment is based mainly on inhibition of two key viral enzymes, HIV reverse transcriptase and HIV protease, and of viral fusion [4] . Anti-AIDS drugs are classified into three main categories, nucleoside reverse transcriptase inhibitors, non-nucleoside reverse transcriptase inhibitors and protease inhibitors [5] . HIV protease is an excellent target for anti-HIV drug therapy. During the past decade, structure-based drug design led to the identification of nine drugs, and several others are in advanced clinical trials. The currently marketed HIV-1 protease inhibitors saquinavir [6] , indinavir [7] , ritonavir [8] , nelfinavir [9] , amprenavir [10] , lopinavir [11] , atazanavir [12] , tipranavir [13] and darunavir [14] are all competitive inhibitors that bind to the active site of the enzyme.
Several in silico techniques are used in the design and development of HIV protease inhibitors. These include quantitative structure-activity relation (QSAR) models, which can reveal significant correlations between biological activity and physicochemical parameters and can be used to improve the structure of inhibitor molecules and to interpret the improved structure in terms of favourable biological interactions [15] . A number of QSAR studies have also been reported for HIV-1 reverse transcriptase inhibitors [16] [17] [18] [19] . The basis of QSAR methods is the assumption that drugs that have similar chemical properties will induce similar biological responses, and their application results in a quantitative computer-derived description of biological activity in terms of chemical descriptors. Once a QSAR is known, new compounds with better activity can be predicted or generated [20] . Three-dimensional (3D) QSAR involves probe-based sampling within a molecular lattice to determine the 3D properties of molecules (particularly steric and electrostatic values) and their correlation with biological activity. These interaction centres are categorized as hydrogen bond donors, hydrogen bond acceptors, positive charge centres, aromatic ring centres and hydrophobic centres [21, 22] .
The aim of this study was to elucidate the structural features of N-aryl-oxazolidinone-5-carboxamide derivatives that are required for HIV-1 inhibition [23] and to obtain predictive two-dimensional (2D) and 3D QSAR models to guide the rational synthesis of new drugs. Partial least squares (PLS) analysis was coupled with various feature selection methods, i.e. genetic algorithm (GA), stepwise and pharmacophore studies, to obtain information on the mechanism of action at molecular level.
Materials and methods
All computations (2D and 3D QSAR and pharmacophore studies) were done in Vlife MDS QSAR plus software [24] on a HP computer with Core2 Duo processor and a Windows XP operating system.
Data set
A dataset of 38 N-aryl-oxazolidinone-5-carboxamide derivatives with well-defined activity [23] was selected. The inhibitory activity (inhibitor binding dissociation constant values in the nanomolar range) reported earlier was converted to log 10 (pKi 50 ) for use in 2D and 3D QSAR. The 38 compounds have high structural diversity and a sufficient range of biological activity (Table 1) . GA and stepwise forward variable selection were applied for descriptor optimization, and PLS analysis was used to develop 2D and 3D QSAR models.
Selection of training and test sets
The dataset of 38 molecules was divided into a training set of 30 compounds and a test set of 8 compounds by the sphere exclusion method [25] for the PLS model, with a dissimilarity value of 5.6, the pKi 50 activity field as the dependent variable and various 2D descriptors as independent variables. The unicolumn statistics of the test and training sets (Table 2) showed accurate selection, as the maximum of the training set was greater than that of the test set and the minimum of the training set was less than or equal to that of the test set. This observation showed that the test set was interpolative and derived within the minimum-maximum range of the training set. The means and standard deviations of the pKi 50 values for the training and test sets indicate the relative differences in mean and point density distributions. When the means of the test sets are higher than those of the training set, there are more active than inactive molecules.
PLS [26] has been used extensively in QSAR studies to relate dependent and independent variables in a linear multivariate model. For a finite training set of n samples (x i , y i ), PLS builds a linear relation between x and y, which is then used for predicting y for new data x. The main assumption of PLS is that data x, although possibly residing in a high-dimensional space, depend linearly on only a small number of latent variables. PLS estimates these latent variables as projections of the original input variables of x and uses them to construct the regression vector relating x to y. 
2D QSAR study
All molecular modelling and statistical analysis was conducted with Vlife MDS software. Compounds were sketched with the 2D draw application in the modelling environment of Vlife MDS and converted to 3D structures. Energy minimization and geometry optimization were conducted with the Merck molecular force field and charge, a maximum of 1000 cycles, a convergence criterion (root mean square gradient) of 0.01 and a medium [27] . Several references explain these descriptors [28] [29] [30] [31] [32] [33] [34] [35] [36] [37] [38] [39] [40] [50] [51] [52] . For the present QSAR study, topological, shape and geometric, electrostatic, quantum chemical and physicochemical parameters were used, such as lipophilicity, volume, molecular reactivity retention index, atomic valence connectivity index, path count, chain path count, cluster, path cluster, kappa, element count, estate number, estate contribution and polar surface area, with alignment-independent topological descriptors such as T T T 2 type. To calculate alignment-independent descriptors, we used the attributes 2 (double-bonded atom), 3 (triple-bonded atom), C, N, O, S, H, F, Cl, Br and I and a distance range of 0-7; every atom in a molecule was assigned at least one and at most three attributes. The first was T, to thoroughly characterize the topology of the molecule; the second was atom type, shown as the atom symbol; and the third was atoms in a double or triple bond. After all the atoms had been assigned their respective attributes, selective distance count statistics for all combinations of different attributes were computed. A selective distance count statistic XY2 (e.g. TOPO2N3) counts all the fragments between the start atom with attribute 'X' (e.g. '2' for a double-bonded atom) and the end atom with attribute 'Y' (e.g. 'N') separated by graph distance 3. Graph distance is defined as the smallest number of atoms along the path connecting two atoms in a molecular structure.
We calculated 450 molecular descriptors before developing the 2D QSAR model, and reduced the set for further analysis. The independent variables (2D descriptors) were pre-processed by removing the invariable (constant column), resulting in 288 molecular descriptors (Table 3) for use in the QSAR analysis.
3D QSAR study
GA and stepwise variable selection methods and alignment for 3D QSAR studies were performed with V Life Molecular Design Suite software. Several 3D-QSAR techniques such as comparative molecular field analysis, comparative molecular similarity analysis [41] and k nearest neighbour [42] are used in modern QSAR research. The molecular field is investigated with the methyl group as the probe, to define steric, electrostatic and hydrophobic fields.
Alignment of molecules
All molecules in the data set were aligned by the template-based method [42] [43] [44] [45] [46] [47] [48] , in which a template is built on common substructures in a series. Compound phenyloxazolidinone-5-carboxamide, with a median inhibitory concentration of 0.0008 nmol/L (compound 5), had strong inhibitory activity against wild-type HIV-1 protease and was therefore chosen as the reference molecule. The structure of the aurone template is shown in Fig. 1(a) , and superimposition of all molecules based on minimizing the root mean square deviation is shown in Fig. 1(b) . The resulting alignments of molecules were used to build 3D models.
Calculation of 3D field descriptor
For calculation of 3D field descriptor values, Tripos force field and steric, electrostatic and hydrophobic field types were selected, with cut-offs of 10.0 and 30.0 kcal/mol, respectively, and the charge type was selected according to Gasteiger and Marsilli [49] . The dielectric constant was set to 1.0 on the basis of the distance-dependent dielectric function [50] [51] [52] . This resulted in 7500 field descriptors (2500 for each steric, electrostatic and hydrophobic type) for each compound in separate columns.
Evaluation of QSAR models
Statistical analysis of the k nearest neighbour field was performed for distance-based weighted averages, and the predictive value of the model was evaluated by the standard leave-one-out cross-validation method. In this case, by using a k nearest neighbour QSAR model, the activity of a molecule can be predicted from the weighted average activity (Eq. (1)) of the k most similar molecules in the training set.
where y i and ŷ i are the actual and predicted activities of the ith molecule, respectively, and w i are weights calculated from
exp(−dj) Internal validation was carried out by the leave-oneout (q 2 ) method [41] . To calculate q 2 , each molecule in the training set was sequentially removed, the model refitted with same descriptors and the biological activity of the removed molecule predicted from the refitted model. q 2 was calculated from
where y i and ŷ i are the actual and predicted activities of the ith molecule in the training set, respectively, and Table 3 Selected physico-chemical parameters used in derived two-and three-dimensional models. y mean is the average activity of all molecules in the set. For external validation, the activity of each molecule in the test set was predicted in the model generated from the training set. The pred r 2 value was calculated from
where y i and ŷ i are the actual and predicted activities of the ith molecule in the test set, respectively, and y mean is the average activity of all molecules in the training set. Both summations are over all molecules in the test set. Thus, pred r 2 is indicative of the predictive power of the model for the external test set. The robustness of the models for training sets was examined by comparing them with that derived for random data sets.
Pharmacophore identification studies
A pharmacophore is the minimum functionality that a molecule has to contain in order to exhibit activity. We generated a pharmacophore model with mol sign software for a diverse set of molecules with anti-HIV activity in order to obtain a model that would indicate the chemical features responsible for activity. The pharmacophore model describes the nature of functional groups such as hydrogen bond donors and acceptors, charge interactions and hydrophobic areas involved in ligand-target interactions, as well as the type of non-covalent bonding and interchange distances. All 38 aligned molecules were used in pharmacophore development, with the most active molecule set as the reference, on which the other molecules of the dataset were aligned. For four-point pharmacophore identification, the tolerance limit was set to 30Å, and the maximum distance allowed between two features was set at 5Å [21, 22] .
Genetic algorithm and stepwise methods
GA is one of the most popular stochastic optimization techniques for mimicking natural evolution and selection [53] . It is a class of algorithms inspired by the process of natural evolution, in which species with high fitness under some conditions can prevail and survive to the next generation; the best species can be adapted by crossover and/or mutation to produce better individuals. In the GA search for 2D QSAR, the cross-correlation limit was set at 0.5, the population at 10, the number of generations at 1000 and speed at 999; whereas, for 3D QSAR, the cross-correlation limit was set at 0.5, the population at 100, the number of generations at 500 and speed at 999.
Another method widely used in QSAR studies is based on stepwise variable selection [54] . The search begins by adding a single independent variable at each step and examining the fit of the model by PLS crossvalidation. Thus, the model is repeatedly altered from the previous one by adding or removing a predictor variable in accordance with the stepping criteria; in this case, the criteria were F = 4 for inclusion and F = 3.5 for exclusion for the forward-backward selection method. The method continues until no more significant variables remain outside the model. In the selected equations, the cross-correlation limit was set at 0.5, the number of variables at 10 and the term selection criteria at r 2 . An F value was specified to evaluate the significance of a variable. The variance cut-off was set at 0.0, and auto-scaling for the number of random iterations was set at 100.
Evaluation of the models
The quantitative models were evaluated from the following statistical measures: n, number of observations (molecules); k, number of variables (descriptors); number of components; number of optimum PLS components in the model; number of nearest neighbours; number of k nearest neighbours in the model; r 2 , coefficient of determination; q 2 , cross-validated r 2 (by leaving one out); pred r 2 , r 2 for the external test set; and F value for statistical significance. r 2 and q 2 were used to select the optimal models, although a QSAR model is considered to be predictive if r 2 > 0.6, q 2 > 0.6 and pred r 2 > 0.5 [25] .
Results and discussion
The QSAR study of N-aryl-oxazolidinone-5-carboxamides derivatives for novel HIV-1 protease inhibitors resulted in the following statistically significant models. Table 5 .
The GA PLS model showed that the descriptor SssOE index, which is an electro-topological state index for the number of oxygen atoms connected by two single bonds, made a positive contribution (∼30%). This indicates that anti-HIV-1 protease activity was increased by the presence of methoxy groups in fragment R1, such as in compounds 1-7, 26-33, 37 and 38. T N F 4, which was a positively contributing (∼13%) descriptor, is an alignment-independent descriptor that affects variation in activity and is directly proportional to activity. This descriptor T N F 4 revealed the importance of the presence of fluorine ( F or CF 3 ) at the R2 position on the ring for activity against HIV-1 protease activity. The graph for observed versus predicted activity and the contribution chart for model 1 are shown in Fig. 1(c) and 1(d) , respectively. The descriptor SsNH 2 count (the total number of NH 2 groups connected by a single bond) played the most important role (∼22%) in determining activity, mainly with reference to variation at the R1 site. This finding is corroborated by the low activity of molecules lacking NH 2 at R1 (9-13). It suggests that an increase in the length of NH 2 chain at that substitution site reduces the activity. The descriptor T O O 2 is an influential alignment-independent descriptor (∼12%), suggesting that the presence of a dimethoxy group at the R1 position of the N-phenyloxazolidinone-5-carboxamides scaffold also increases activity. The model shows a positive contribution of SsOH count (the number of OH groups connected by a single bond), indicating that activity is increased by the presence of hydroxy groups in the oxazolidinone-5-carboxamide moiety. Model 2 had an internal predictive power (q 2 = 0.6591) of 65% and a predictivity for the external test set (pred r 2 = 0. 6977) of about 70%. The F value of 30.4019 indicates that the overall statistical significance of the model was 99.99%. The randomization tests suggest that the probability that the results of the proposed QSAR models were generated by chance is <0.0001.
Model 2
In the stepwise PLS model, the descriptor SsFE index (the total number of fluorine atoms connected by a single bond) showed the highest correlation of the four parameters selected for the model. The positive coefficient of the descriptor suggests that the anti-HIV activity of phenyloxazolidinone-5-carboxamide derivatives can be increased by increasing the number of fluorine atoms in the nucleus. The descriptors T T F 2 and SsFE index contribute directly to the activity, suggesting that an increase in these descriptors of fragment R2 can also increase anti-HIV-1 protease activity. The positive contribution of the descriptor T T F 2, the number of double bonds separated from a fluorine atom by two bond distances in a molecule, revealed better anti-HIV-1 protease activity with the presence of a fluorine group in phenyloxazolidinone-5-carboxamides near the R2 position. The average potential contributed directly to activity, suggesting that an increase in this descriptor in fragment R2 could increase anti-HIV-1 protease activity. The descriptor highest occupied molecular orbital energy contributed negatively to activity. An electrondonating substituent, such as a hydroxy or methoxy group, on the ring increases the energy of the highest occupied molecular orbital. Thus, analogues with electron-withdrawing substituents should have greater activity. The observed and predicted activity values of the training and test sets of compounds selected for the above model are shown in Table 4 . In the 3D QSAR studies, 3D data points generated around the oxazolidinone-5-carboxamide pharmacophore were used to optimize the steric and electrostatic requirements of the nucleus for anti-HIV activity. The contributions of points generated in the GA PLS model were E 916 and E 967 for the electrostatic field and S 240 and S 681 for the steric interaction fields (blue and green points, respectively) at lattice points 916, 967, 240 and 681. This implies that these points are significant for the SAR (Fig. 1(e) ). 3D-QSAR models were selected on the basis of the value of the statistical parameters. The best GA-PLS models had a q 2 of 0.6953 and pred r 2 of 0.7499. The values of k (4), q 2 (0.6953), pred r 2 (0.7499) and sphere exclusion (0.2165) show that the QSAR equation is statistically significant, and the predictive power of the model was 81.19% (internal validation). The range of electrostatic and steric descriptors, E 916 (−0.0317, 1.6870), E 967 (−2.5499, −1.9433), S 240 (−0.2154, −0.1188) and S 681 (−0.3441, −0.2134) chosen by sphere exclusion and k nearest neighbour molecular field analysis with the GA selection method indicate its crucial role in predicting anti-HIV activity. The electrostatic and steric interactions at these points are therefore significant for the SAR. The observed and predicted activities of the training and test set compounds selected for the model are shown in Table 4 .
The 3D-QSAR model Eq. (3) indicates that electrostatic descriptors such as E 916 (∼25%) with a negative coefficient are far from the R3 position on the oxazolidinone-5-carboxamide ring. Therefore, electronegative groups at this site are unfavourable, decreasing the activity of oxazolidinone-5-carboxamide compounds: most of the compounds with higher activity had an electropositive substitution (isobutyl group) at the R position of the ring. Electrostatic descriptors such as E 967, with negative coefficients, are found on the R3 ring of the oxazolidinone-5-carboxamide structure, indicating that electronegative groups at this site are favourable and increase the anti-HIV activity of the compounds. The plots of predicted versus observed pIC 50 values are shown in Fig. 1(f) . The steric descriptors S 240 and S 681, with negative coefficients, are near the R2 and R3 positions on the oxazolidinone-5-carboxamide ring, respectively, indicating that less bulky groups are unfavourable at this site and decrease the anti-HIV activity of oxazolidinone-5-carboxamide compounds.
pKi 50 3D QSAR studies were also carried out with stepwise k nearest neighbour molecular field analysis. Model 4 was used for internal predictivity. The value of the "leave-one-out" cross-validation squared correlation coefficient, q 2 = 0.6532 suggests the validity of the prediction. The model had a predictive squared correlation coefficient (pred r 2 ) > 0.6893, in agreement with the accepted criterion of >0.5, giving 69% predictive power for the external test set. Electrostatic descriptors such as E 1191 and E 385 with negative coefficients are at the R1 and R3 oxazolidinone-5-carboxamide rings, indicating that electronegative groups at these sites are favourable and would increase the activity of these compounds. The finding that the steric descriptor S 469 has a negative coefficient at the R2 oxazolidinone-5-carboxamide ring ( Fig. 1(g) ) indicates that bulky groups at this site are unfavourable and would decrease the activity of the compounds. The observed and predicted activity values for the training and test set compounds selected for the model are shown in Table 4 .
Biophore displayed five chemical features: one AroC feature (aromatic), two HAc (hydrogen bond acceptors), one HDr (hydrogen bond donor) and one AlaC feature (aliphatic). The average root mean square deviation of the pharmacophore alignment of each of the two molecules was 0.0765Å. These chemical features were found in all aligned molecules. The hypothesis is that characteristic features like hydrogen bond donor (magenta), hydrogen bond acceptor (buff) and aromatic (orange) regions of the structure ( Fig. 1(h) ) are favourable. The results confirmed that the acceptor (HAc), donor (HDr) and aromatic pharmacophore properties are favourable contour sites for both activities: Distance (1AlaC-2HAc) = 2.7616Å; Distance (1AlaC-1HAc) = 6.8641Å; Distance (1HAc-1AroC) = 8.9850Å; Distance (1HAc-2HAc) = 6.2428Å; Distance (1HDr-1AroC) = 6.6241Å; Distance (2HAcr-1AroC) = 7.8311Å; Distance (1AroC-1AlaC) = 7.8366Å; Distance (1HDr-2HAc) = 8.4444Å. Frequently, the hydrogen-bonding properties of molecules are tabulated as simple counts: the number of hydrogen bond donors would be the total number of NH or OH groups. For hydrogen bond acceptors, the sum of the number of oxygen and nitrogen atoms would be used.
Conclusion
2D and 3D QSAR models have good statistical significance and high predictivity. The validation methods showed significant statistical parameters, with q 2 > 0.6 and pred r 2 > 0.5, which shows that the models are predictive. The QSAR model was validated by standard statistical measures, a cross-validated correlation coefficient, an external test set and a randomization test, and by observing its reproducibility. The model explains the quantitative differences seen in experimental activity data. The 2D and 3D QSAR models developed revealed the importance of various physicochemical properties in anti-HIV-1 protease activity. It was also found that properties like the SssOE index, SsNH 2 count, SsOH count, SsFE index and highest occupied molecular orbital energy contribute significantly to the activity. The alignment-independent descriptors T N F 4, T T F 2 showed a positive effect, indicating that the anti-HIV-1 protease activity increases with the presence of fluorine moieties. The 3D QSAR studies also showed steric descriptors with negative coefficients near the R2 and R3 positions of the ring, which indicates that the presence of less bulky groups decreases the anti-HIV activity of oxazolidinone-5-carboxamide compounds. Electrostatic descriptors with negative coefficients on the ring indicate that the presence of electronegative groups would increase anti-HIV-1 protease activity. The QSAR study of models of oxazolidinone-5-carboxamide derivatives with PLS showed that the binding affinity of this class of molecule is greatly influenced by the functional groups attached to different positions on the basic moiety. These results should guide further design and development of lead compounds for more potent anti-HIV-1 protease inhibitors.
